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Abstract: Urban heat islands (UHIs) can present significant risks to human health. Santiago, Chile has
around 7 million residents, concentrated in an average density of 480 people/km2. During the last few
summer seasons, the highest extreme maximum temperatures in over 100 years have been recorded.
Given the projections in temperature increase for this metropolitan region over the next 50 years,
the Santiago UHI could have an important impact on the health and stress of the general population.
We studied the presence and spatial variability of UHIs in Santiago during the summer seasons from
2005 to 2017 using Moderate Resolution Imaging Spectroradiometer (MODIS) satellite imagery and
data from nine meteorological stations. Simple regression models, geographic weighted regression
(GWR) models and geostatistical interpolations were used to find nocturnal thermal differences in
UHIs of up to 9 ◦C, as well as increases in the magnitude and extension of the daytime heat island
from summer 2014 to 2017. Understanding the behavior of the UHI of Santiago, Chile, is important
for urban planners and local decision makers. Additionally, understanding the spatial pattern of the
UHI could improve knowledge about how urban areas experience and could mitigate climate change.
Keywords: MODIS land surface temperature; satellite temperature measurements; urban heat island;
spatial regression models; geographic weighted regression; geostatistical interpolations
1. Introduction
Recent climate change studies evidence an increase in the intensity of extreme heat temperatures [1].
At the same time, on a global scale, rapid urban population growth is taking place [2,3], which combined
with high temperatures, significantly increases health risks for the majority of the population.
Hence, there is an increased mortality rate due to heat stress, which contributes to night-time
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insomnia, and causes respiratory illnesses produced by ozone (O3) [4]. All these factors can negatively
impact work productivity and urban metabolism [5]. These processes consider the exchange of
matter, energy and information established between an urban settlement and its natural environment.
In this manner, the city is considered a living organism, incorporating measurements of technical
and socio-economic processes that result from resource consumption, growth, energy production,
and waste management [6,7].
The temperature distribution is not homogeneous over the landscape; the urban areas tend to have
higher air temperature than their rural surrounding, a phenomenon known as urban heat island (UHI),
the UHI is mainly caused by the anthropogenic land surface modifications, e.g. urban areas present
higher heat concentration given that buildings absorb, retain and produce heat [8]. This temperature
increase is influenced by the fact that an important number of human activities provoke alterations in
the energy balance due to land use modification, surface properties (roughness, albedo, emissivity),
and the geometry of the urban area [9]. In addition, air conditioning and heating systems of buildings,
as well as traffic, are considered some of the biggest promoters of environmental warming in the
city [10]. Other non-anthropogenic factors that can also affect the behavior of the UHI are the local
vegetation cover and properties, seasonal variability of the weather, specific geographic characteristics
of city locations, the presence of water bodies or wetlands, and even climate change, among others [11].
There are two types of UHI, the first one is the atmospheric urban heat island (UHI), that is defined
as the difference between the air temperature (AT) within the city and the AT of its surroundings,
measure 1–2 m above ground. The second is the surface urban heat island (SUHI) which is the study of
the land surface temperature (LST), as opposed to the AT, that shows different temperatures on artificial
and natural surfaces in the urban area [12], and that is usually measured using remote-sensing data [13],
presenting different magnitudes than the UHI [10]. Various methods exist for using satellite methods
for studying UHI by estimating air temperatures. Some examples of studies that have used this method
have been carried out in Paris [14], Valencia [10], El Cairo [8], Singapore [15], West Midlands [16] and
Bangkok [17], among others.
Multiple studies demonstrate temperature variations between urban and rural areas, as well as
the satellite capacity to study these phenomena [18,19]. Several satellite products consider thermal
bands within their design [20], and these include: Advanced Spaceborne Thermal Emission and
Reflection (ASTER), Landsat Thermal Mapper (TM)/ Enhanced Thermal Mapper Plus (ETM+) [21,22],
Geostationary Operation Environmental Satellite Program (GOES), Advance Very High Resolution
Radiometer (AVHRR) or Moderate Resolution Imaging Spectroradiometer (MODIS LST) [23–25].
The first three have a high spatial resolution but low temporal resolution, and the last three have a
high temporal resolution but low spatial resolution.
To study UHIs, it is crucial to have images of high periodicity more than those with a high spatial
resolution [26]. Hence, for this study, we decided to use images from MODIS LST (MOD11A1 V6)
because they have daily periodicity on two platforms (TERRA and AQUA), allowing us to obtain
daytime and night-time imagery, and at the same time, the current product version has advantages due
to its updated algorithm and quality control compared to previous versions [27]. MODIS data is widely
used to characterize the UHI [11], Examples of this are [18], where the UHI was assessed in Nanjing,
China, using LST, NDVI, and albedo products from MODIS, and [26], where MODIS was used to
quantify the magnitude of the Birmingham surface UHI as well as the impact of atmospheric stability
on UHI development. The MODIS products allow for the study of thermal variations throughout the
UHI, as well as variations over time. Furthermore, these products enable the study of UHI at night
during summer seasons, which is when it reaches its highest magnitudes [10].
Heatwaves present serious health risks for humans, and some authors place them among the
biggest problems of the XXI century [28]. In the past few years, Santiago, Chile has registered the
highest extreme maximum temperatures in over 100 years [29]. Likewise, in the Metropolitan Region
of Santiago, there are around 7 million residents with a population density of 480 people/km2 [30].
Therefore, it is important to understand temperature differences and UHIs in the region and their
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spatial distribution and behavior over time with regards to geographic extension and movement,
as well as their temperature magnitudes. The effects on mortality due to high temperatures in Santiago
were studied by [31], leading to the conclusion that higher temperatures could be related to increased
mortality risks, especially for the elderly population. Additionally, [32] concluded that, for Santiago,
heat effects have an immediate impact on the mortality of the city‘s population.
In the same city, studies have researched urban heat sinks using Landsat ETM+ data [33], and urban
heat islands using a limited amount of MODIS data (53 images) to make a seasonal characterization of
the phenomena using Principal Component Analysis [25].
For this study, we evaluated the presence and spatio-temporal variability of UHIs of Santiago, Chile
in summer periods from 2005 to 2017 using a dense time-series of satellite data to perform a detailed
characterization of the phenomenon. To carry out this study, we used MODIS satellite images and data
from nine weather stations belonging to the Chilean Ministry of Environment (MMA in Spanish).
We defined two main objectives for our study:
• Determination of the relationship between air temperature and satellite-derived LST.
• Analysis of historical UHI spatio-temporal temperature behavior.
2. Materials
2.1. Study Area
The Metropolitan Region of Santiago, Chile is home to the nation’s capital and comprises
52 communes and six provinces. Approximately 40.5% of the country’s population lives within this
region (7,036,792 residents) [34], representing a density of 456.86 inhabitants per square kilometer,
(the highest in the country). This region is distributed in urban, semi-urban, and rural communes,
and the rural areas become more expansive as the distance increases from the center of the region [30].
The native vegetation of the Metropolitan Region consists mainly of grasslands and shrublands,
covering 28.24% of the surface of the region, with native Sclerophyllus (Mediterranean) forest covering
24.24% of the surface. Water bodies cover only 0.56% of the region (data retrieved from the official
land use information used by the Forestry Service of Chile, CONAF) with the closest water body to
Santiago being the Aculeo Lagoon, located more than 20 km south from the city. The city is surrounded
by the Andes mountain range, which presents altitudes of over 5 km above sea level to the east, and a
much smaller coastal mountain range to the west, which presents a maximum altitude of 1880 m above
sea level.
Data were taken from nine weather stations, eight of which are found in the urban area and one
in a rural area in Talagante (see Figure 1). Data were also taken from MODIS images covering the
entire region.
2.2. Satellite Data
There are about 34 products generated by NASA that utilize information from data collected
by the MODIS sensor in its TERRA and AQUA platforms. The product used in this study was the
MOD11A1, with land surface temperatures obtained daily at 1 km of spatial resolution, presenting
level 3 processing, version 6. Using MODIStsp R package tools [35], 1068 day and night images
were downloaded and processed, corresponding to daily LSTs for the months of December, January,
and February for the 12 years considered in this study (2005–2017).
Image acquisition time from the study area includes pixels with a difference of up to three daylight
hours and three nighttime hours.
2.3. Meteorological Data
For land reference data, air temperatures from 2005 to 2017 were used from the nine weather
stations belonging to the Chilean Ministry of the Environment and distributed in nine communes within
the region, with the same date range as the satellite images, according to their availability (Table 1).
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Figure 1. Study area, administrative zones (communes), and location of the meteorological station,
which are part of the National Information System of Air Quality (SINCA, by its initials in Spanish) in
the city of Santiago, Chile.
Table 1. Meteorological stations (Ministry of Environment) record 2005–2017.
Station Name Eastern Coordinates (UTM 19S) Northern Coordinates (UTM 19S)
Parque O’Higgins 345673 6296019
Independencia 346488 6300681
EL Bosque 345313 6286825
La Florida 352504 6290304
Las Condes 358305 6305906
Cerro Navia 338984 6299360
Pudahuel 337311 6298809
Puente Alto * 352049 6282013
Talagante * 318945 6272298
Note: The months of December, January and February of each year will be considered the summer season. * Station
records from to 2009.
From hourly temperature data (24 daily registered temperatures), a database was created
that allowed the verification of the spatio-temporal thermal variation between all nine weather
stations. However, inconsistencies and extreme differences between stations (presumably due to
a lack of maintenance or bad performance of the stations) made it necessary to conduct a revision
(depuration) and validation in various stages. The Spanish regulation AENOR 500,540 was chosen,
which, in accordance with [36], consists of seven types of successive validations of the weather data.
These validations are numbered in levels from 0 (zero) to 6 (six); levels 0 and 1 are obligatory.
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3. Methods
3.1. Spatially Explicit Model of the Daily Air Temperature (Day/Night)
To study UHIs, it is necessary to have periodic and spatially distributed temperature data.
Integrating weather station data and satellite images allows for an adjustment of the statistical models,
and hence the calibration of LST. Later, through models, this information can be extended to the total
study area [37].
The MODIS sensor in MOD11A1 includes a view of the study area two times a day at three
different times: in the morning onboard the TERRA Satellite at 9:00, 10:00, and 11:00 h; and at night
on the AQUA platform at 22:00, 23:00, and 24:00 h local time. These satellite data are among of
the dominant sources of remote-sensing images for investigating the UHI effect, due to its high
temporal resolution [11]. All daily images and weather station data are paired according to date, time,
and location in order to conform to the database used to analyze.
Figure 2 shows the methodological outline used to obtain the daily images for air temperature,
using LST images and other precise data from the nine weather stations.Remote Sens. 2020, 12, x FOR PEER REVIEW 6 of 21 
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Figure 2. The methodological scheme is divide into four steps: Step 1 is in regards to linear regression
models (LRM) estimating air temperature from land surface temperature. After that, it is necessary
to consider the estimation of LRM parameters considering their spatial position using geographic
weighted models (Step 2). In Step 3, we use bivariate interpolation models as a cokriging to estimate
the air temperature for each pixel of the area. Finally (Step 4), the urban heat island (UHI) is calculated
for different dates, studying its behavior in all periods.
3.1.1. Linear Regression Model (LRM)
To understand the relationship between LST and the air temperature measured at each one of
the stations, a linear model adjustment (Equation (1)) was carried out for the daytime, nighttime,
and mixed satellite data with temperature data from each station. The nine resulti g models were
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evaluated according to their determination coefficient (R2), standard error, statistical significance
(p-value), and correlation coefficient (R).
Ta(x, y) = a0(x, y) + a1(x, y)·LST(x, y) + ε(x, y) (1)
where Ta(x, y) is the air temperature estimate in point (x, y); a0(x, y) is the intercept in point (x, y);
a1(x, y) is the slope in point (x, y); and ε(x, y) is the model error.
As a result of this process, regardless of the data included in the models, an equation is obtained
that allows determination of local air temperature using the LST pixel value registered by the satellite
for the modeled station.
The exact condition of the adjusted models does not allow for the prediction of the air temperature
for all pixels in the image, given that the pixel-station adjustment is only valid inside this. If extending the
models to intermediate or neighboring pixels is to be considered, the presence of spatial autocorrelation
in the temperature should be noted. The latter discards traditional statistical models because they do
not comply with the requirement that the observations be independent [38].
To estimate the temperature in each image pixel, coefficients obtained from the nine linear models
(local) were adjusted to values that take into account the special relationships between the data [39].
This is done assuming that the temperature does not randomly vary, but that the relationship between
variables varies depending on the study area location [40].
3.1.2. Spatially Explicit Regression Models (GWR)
Geographically weighted regression (GWR) models are local models that create an equation
for each element of the dependent variable dataset [40]. In this case, the coefficients (a0, a1) from
the nine equations were modeled using two independent variables: the NDVI vegetation index and
altitude, given their known relationship with temperature [41]. The general GWR model can be seen
in Equation (2).
γi = β0(Ui, Vi) +
∑
βk(Ui, Vi)Xik + εi (2)
where (Ui, Vi) are the geographic coordinates of point i and βk(Ui, Vi) is the value calculated from the
continuous function βk(U, V) in point i [42].
Geographic regression allows for the improvement of adjustments, neutralizing spatial dependency
on residues, and understanding the special distribution of the elasticity of the explicative variables,
as well as the model’s local significance [38].
a j = β0 j + β1 j·altitud + β2 j·NDVI (3)
Equation (3) shows the GWR model, where data for the altitude variable are obtained directly
from the NASA product GTOPO 30 [43], with a spatial resolution of 30 arc seconds (approximately
1 km). Data from the NDVI are obtained from a personalized product through Google Earth Engine,
which is a composition of the maximum values for each pixel from all of the available NDVI images
during the study period, the implementation of the Landsat 8 sensor (2013–2017), and subsequent
resampling at a 1-km resolution.
3.1.3. Cokriging of Coefficients
After adjusting the GWRs, a geostatistical interpolation model is employed that allows for the
estimation of the coefficients of all pixels in the study area where weather stations do not exist.
This interpolation model corresponds to ordinary cokriging, where variable means are unknown [44].
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where Z(Si) is the value measured at location i; λi is an unknown ponderation for the measured value
at location i; S0 is the prediction location and N is the number of values measured. In this way, the two
spatialized coefficients ( a0 and a1) are obtained using Equation (3) from the spatialized β coefficients,
using Equation (4) for application in the linear model and Equation (1) for air temperature estimations.
3.2. Calculation and Analysis of UHIs
To calculate the heat island, we used the Talagante weather station as a reference, given that it is a
rural area around Santiago. Complementarily, this selection was validated through cluster analysis on
the spatialized air temperature coefficients (a0 and a1), and a zonal statistical calculation to a commune
scale level using the mean maximum NDVI during the period of analysis. The NDVI presents a high
inverse correlation with thermal emissivity [36,37], which demonstrates thermal differences between
rural and urban areas if the former has a higher presence of vegetation.
Temperature at the Talagante station is subtracted from the modelled temperature in each pixel
for each day and night. In this manner, the values represented in the UHI imagery correspond to the
differences between temperatures in a rural area and an urban one. Finally, to improve spatio-temporal
analysis, calculations were carried out based on the images of average, maximum UHI, and standard
deviations on a monthly scale and during the summer seasons.
The fit integrity for each model was evaluated over the daily values (Table 2), through systematic
error determination (BIAS), mean absolute error (MAE), root mean square error (RMSE), and the
determination coefficient (R2). The agreement index (d) ([45–49]) and the Akaike information criterion
(AIC) ([50,51]) were also calculated.
Table 2. Statistical criteria used to evaluate model performance.
Description Symbol Equation N◦




(Oi − Pi) (5)




|Oi − Pi| (6)




























N is the number of observations; O is the observed values; P is the predicted values; O is the average of the observed
values; P is the estimated values and k is the number of independent parameters used.
4. Results
4.1. Meteorological Database
The application of different data validation levels (AENOR 500540) was considered for each one
of the nine stations. During the validation process, 4535 records were eliminated (2% of the total),
which added to the 11,604 missing records (5.1% of the total). There were periods in which no data were
registered at any station, principally between 15 December 2015 and 18 February 2016. All stations
had periods in which no information was recorded for hours, or in some cases, days.
4.2. Spatially Explicit Model of the Daily Air Temperature (Day/Night)
Optimal results from the adjustment and evaluation of the daytime, nighttime, and mixed linear
models were obtained from both daytime and nighttime joint data (mixed). There was a clear difference
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in the adjustment in the mixed models (R2 range 0.643–0.853), and therefore it was much better than
daytime (R2 range 0.254–0.480) or nighttime (R2 range 0.172–0.358) as individual data sets.
For the mixed models, the coefficients of each adjustment are shown in Table 3. Regular values
were obtained for the slope coefficient except for the Talagante station, because it had a completely
different slope and intercept behavior. Since this station is located in a rural area, data from the
Talagante station backed the decision to use it as a reference for calculating UHI.
Table 3. Models and coefficients by the station.
MMA * Station Model Intercept (a0) LST (a1) R2 p-Value
Pudahuel D & N 14.3956 0.2745 0.6590 <0.0001
Independencia D & N 14.1418 0.3136 0.6860 <0.0001
La Florida D & N 12.7507 0.3359 0.7049 <0.0001
EL Bosque D & N 12.2912 0.3490 0.7427 <0.0001
Cerro Navia D & N 11.8035 0.3709 0.6434 <0.0001
Parque O’Higgins D & N 11.6696 0.3576 0.7483 <0.0001
Puente Alto D & N 11.4993 0.3235 0.6952 <0.0001
Las Condes D & N 10.7222 0.3989 0.7403 <0.0001
Talagante D & N 5.9368 0.5409 0.8531 <0.0001
* Ministry of the Environment of Chile.
Stations Puente Alto and Las Condes were closer in their coefficients, coinciding with the fact that,
except for Talagante, they are the furthest stations away from the central urban nucleus, and both are
found in the eastern sector of the city, in the foothills of the Andes Mountains (Figure 1).
Stations La Florida and El Bosque presented similar intercepts. Spatially, both stations are located
in the south-western part of the city, close to the main arterial avenue Américo Vespucio.
Cerro Navia and Parque O’Higgins stations also had close intercepts, and both are located toward
the city center. Furthermore, both stations are possibly affected by colder air entering through a
corridor formed by the air approach path to the ex-airport Cerrillos, located in the same district [52].
Finally, Pudahuel and Independencia stations were the most northern and western stations,
respectively, and both registered similar intercepts.
As a result of the geographically weighted regression (GWR) models, coefficients a0 and a1 were
obtained and adjusted considering altitude and NDVI in the model (Equation (3)). Table 4 shows the
a0 and a1 coefficient averages, their estimation error percentage, and general statistics for each model.
The determination coefficients (R2) for both models were higher than 88%, presenting a low mean,
standard error, and significance level of a p-value less than 0.001.
Table 4. Results from geographically weighted regression (GWR) models.
Statistician a0 a1
a0 ± σa0 (%) 11.76 ± 7.01%




Nash–Sutcliffe efficiency 0.8082 0.8266
RMSE 0.8491 0.0252
p-value 0.0002 0.0002
To spatialize the new coefficients and obtain their values for each pixel of the study area,
a geostatistical interpolation model was used. This allowed for spatial autocorrelation modeling of
the variable though adjustment of the semi-variograms linked to each variable and any relationships
among them. The chosen estimation model was an ordinary cokriging, modeling its variables with
spherical models fitted through two-stage processes that optimized the adjustment [53]. The result of
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this process was a coefficient raster map for a0 and a1, completing in each pixel a linear equation that
estimated air temperature using LST.
4.3. Calculation and Analysis of UHIs
To confirm the selection of the Talagante station as the rural reference, two independent analyses
were carried out. The first was through the calculation of the average of all commune pixels with a
maximum NDVI value, and the second through a K-means cluster analysis on coefficients from the
linear models by pixel station (located on each meteorological stations). Both results validated that
it was a rural zone (high average NDVI), and that it was statistically part of an independent group
(Figure 3), allowing for temperature difference calculations for each pixel versus the reference pixel
(UHI) for each day and each night of the period.




Figure 3. Zonal average of maximum NDVI for each period and commune (a); K-means cluster 
analysis on coefficients calculated from the linear models by meteorological stations (b). 
Average, maximums, and UHI dispersions were evaluated for each pixel during every summer 
day (December, January, and February) for all years of the study period. The highest median daytime 
temperatures in the heat island were concentrated in the northwest sector of Santiago (Figure 4). This 
island increases its extension toward the center of the city, covering almost half of the urban area 
during February. Regarding magnitude, magnitudes increase towards February, reaching 4 °C.  
Conversely, the average nighttime temperatures of the UHI presented similar extensions during 
all three summer months (Figure 5). The same was true for its magnitude, which reached 5 °C. The 
extension of the island covered the entire urban area, which was different to the daytime island in 
which temperatures were below reference levels in the foothills region, a phenomenon that can be 
caused by the cooling effect of the breezes coming from the Andes range [52]. 
Figure 3. Zonal average of maximum NDVI for each period and commune (a); K-means cluster analysis
on coefficients calculated from the linear models by meteorological stations (b).
Average, maximums, and UHI dispersions were evaluated for each pixel during every summer
day (December, January, and February) for all years of the study period. The highest median daytime
temperatures in the heat island were concentrated in the northwest sector of Santiago (Figure 4).
This island increases its extension toward the center of the city, covering almost half of the urban area
during February. Regardin magnitude, magnitudes increase towards February, reaching 4 ◦C.
Conversely, the average nighttime te peratures of the UHI presented similar extensions during
all three summer onths (Figure 5). The same was true for its magnit ich reached 5 ◦C.
The ext nsion f the island covered the entire urban re , whic was different to he daytime island in
which temperatures we below r ferenc l vels in the foothills region, a phenomenon tha can be
caused by the cooling effect of the breezes coming from the Andes range [52].
The maximum daytime temperatures of the heat island concentrated their highest values towards
the northwest sector of the urban area (Quilicura commune), which corresponds to one of the
communes with the lowest percentage of green areas within Santiago [54]. During the entire season,
except for during the maximum January temperatures, higher values were homogeneously distributed
throughout the whole urban area. In January, maximum temperatures tended to concentrate toward
the western limit, decreasing in magnitude in the central zone and foothills. The daytime maximums
reached 9 ◦C, and there were no sectors less than 1 ◦C.
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Maximum nocturnal temperatures of the heat island (Figure 5) were higher in magnitude and
extension than daily temperatures, meaning that they covered the entire urban area with values
higher than 2 ◦C, increasing intensity in February, up to 7.5 ◦C. Extreme nocturnal temperature values
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extended their concentration during February, moving toward the urban center over the sectors of
stations Parque O’Higgin, Quilicura, Cerro Navia, and Independencia. The three latter stations are
located in communes that present a relatively low percentage of green spaces compared to the rest of
the city [54].
Regarding thermal dispersion of the heat island, a higher variation was observed in the northeast
sector of the city during December using daytime data; this decreased as summer progressed. The most
stable section (least dispersion) was in the southwest sector, where the influence of cooler air [52]
maintains area stability. During the night, the heat island had a nucleus with a higher dispersion on
the eastern limit of Santiago, in the commune of Providencia. In the northwest sector, in the commune
of Ñuñoa, dispersion of nocturnal thermal variation monthly data increased mainly during the month
of February.
Averages for the data on the daily and nocturnal UHI for each summer can be observed in
Figure 6. These averages did not undergo significant variations between summers regarding the
average monthly, daily, and nocturnal behavior (Figures 4 and 5). On the other hand, the maximum
daytime temperatures of the heat island had cyclical behavior (Figure 7), decreasing their values
towards the summer of 2010–2011.
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Figure 6. Average daily and nocturnal UHI for the 2005–2017 summer seasons. Each summer season
considers the month of December for the prior year and January and February of the following year
(e.g., S 2005–2006 means December 2005 and January and February 2006). The graph shows the mean
day and night temperatures over three months. The main difference is that during the night the UHI is
more intense in temperature and extent. In the day, the UHI is high only in the northwest extending to
the center, but ultimately loses intensity.
During the summers of 2015–2016 and 2016–2017, daytime temperatures of the UHI increased
to 8.5 ◦C, which could be a product of the large number of forest fires that occurred during summer
2015–2016 in the regions of Valparaiso and Metropolitan Santiago [55], as well as the mega forest fires
that occurred during summer 2016–2017 [56]. During the night, except for summers 2006–2007 and
2007–2008, the heat island showed homogeneous behavior in extension and magnitude (Figure 7).
Regarding temperature variability of the UHI during the summers of 2005–2017 (Figure 8),
the results demonstrate that there was minor variability in the southwest sector of the city, and large
variations in the 2016–2017 summer in comparison with the rest of the summers. Nocturnal variation
increases occurred in the northeast sector, mostly during the summers of 2006–2007 and 2007–2008.
The variability magnitude was greater during the day than during the night, and a central nucleus was
maintained during summer nocturnal periods.
Finally, upon stratifying the UHI in three thermal ranges defined using the natural break
method [57] (Figure 9), it can be observed that during the day and night of all studied summer periods,
the temperature for the entire urban area was maintained above the rural temperature (i.e., within
the heat island). The extension variation of the heat island during the day was in the range of 3–5 ◦C,
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slowly decreasing from summer 2005 to summer 2013 and eventually reaching nearly the whole
urban area. Following the summer of 2013–2014, higher values occurred, increasing in magnitude and
extension until 2017.
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Figure 7. Maximum daytime and nighttime UHIs for the 2005–2017 summer seasons. Each summer
season considers the months of December from the previous year and January and February of the
following year (e.g., S 2005–2006 means Dece ber 2005 and January and February 2006). The graph
sho s the maximum day and night temperatures over three months. During the maximum days in
2006–2007, there are high values mainly in the northwest, while at night during the same summer
the UHI almost covers the entire city, probably due to t e heat waves that occurred at that time.
Conversely, during the summer days in 2015–2016 and 2016–2017, the UHI is higher than during
the night.
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Figure 8. Daily and nightly temperature dispersion of the UHI during each summer 2005–2017.
Each summer season considers the months of December from the prior year and January and February
of the following year (e.g., S 2005–2006 means December 2005 and January and February 2006).
The graph shows the standard deviation of day and night temperatures over three summer months.
There was greater dispersion in UHIs during the day than during the night (almost double), reaching the
highest values in the summer of 2016–2017, followed by daytime UHIs in the summer of 2015–2016.
The heat island presented its highest values during the night, but with less variability during the
summer (a range of 3–5 ◦C). During the summer of 2006–2007, values surpassed the average maximum
nocturnal temperature, although later they maintained a relatively stable behavior regarding extension
and magnitude.
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5. Discussion
The City of Santiago has a network of automatic meteorological stations of which eight are inside
the city and one is outside of the city. The city currently has an approximate area of 837,892 km2 and a
population density of 8497 people/km2. Therefore, the density of the automatic meteorological stations
(AMS) network is 0.0096 AMS/km2, which is equivalent to one AMS per every 105 km2. This coverage
is insufficient to carry out more detailed studies inside the city, especially for the spatial variability of
air temperatures to be used in urban planning associated with the complexities of a city. In this sense,
the scientific literature shows that the use of thermal satellite images improves the estimation of air
temperature behavior inside the city, differentiating thermal configurations associated with the urban
structure of the city [7,9,13,14].
The availability of free, medium-resolution, daytime and nighttime MODIS images aids research
at a regional scale. Regarding the present study, we confirmed the existence of a relationship that
allows air temperature modeling using satellite LST images with moderate resolution.
The observed values showed that the LST was always higher than the air temperature during each
of the summers. However, they showed a regularity in each meteorological station on a daily level
during each year as well. This regularity allowed us to find a simple linear relationship between LST
and AT. However, this linear relationship was spatially explicit, which indicated that the regression
coefficients were not constant in space but changed in accordance with other surface properties.
In the same way, altitude and NDVI variables improved the results in the spatially explicit
regression models, achieving sufficient fit and significance levels.
The NDVI was used as an approximation regarding the surface state. For example, it allowed us
to distinguish surfaces with or without vegetation. In addition, its relationship with surface emissivity
allowed us to approximate its surface emission in a simple way.
To improve the temporal behavior modeling of the UHI and the thermal variations during the day
and night, it is necessary to have data from validated weather stations that include equipment control
systems and maintenance, as well as the availability of more stations distributed around the city.
The best adjustment and evaluation results for the day, night, and mixed linear models were
obtained with day and night data used jointly (mixed), which is reflected in Table 3. In general,
the determination coefficients found were relatively high, with a 0.72 mean value, a minimum value of
0.64, and a maximum value of 0.85, with an approximately variability of 8.7%. These values show
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that the applied method managed to capture an important percentage of the spatial behavior of the
variable using a simple, but spatially explicit linear model via GWR, making it suitable for generating
daily air temperature maps.
This UHI study in the city of Santiago provided some interesting results regarding the spatial
variability of the air temperature modeled from the MODIS surface temperature (Figure 3b). For the
spatial resolution of MODIS (1 km), it is possible to appreciate that the air temperatures were grouped
into three well-defined spatial structures of homogeneous behavior (clusters) within the city and its
surroundings. Additionally, this behavior was maintained approximately throughout the summer,
but with some variations, as observed in Figures 4–8. By classifying the UHI into three thermal ranges,
it is possible to observe the thermal field variation and compare its extension during the study period
(Figure 9). The first thing that can be observed is that, on average, the temperature inside the city
was always higher than the surroundings (rural areas) during both the day and the night. If we
compare urban and rural areas, the differences in air temperature were found to be in the range of 3 to
5 ◦C, showing variations between the years mainly due to interannual variability in the southern part
of America.
The urban heat island in Santiago presents different daytime and nighttime behaviors. In the
morning, the heat island has a marked presence in the northwest sector of the city. Although this
area is less urbanized, because of the geological condition of its soils, it can quickly reflect, absorb,
and emit incident solar energy [58]. The urban area, in contrast, can register morning temperatures
less than those in natural environments, but this is reverted during the night due to thermal inversion.
Morales [59] mentions that nocturnal radiative cooling of the surface generates an increment of 3 ◦C in
the first 20 m above the ground, and that those that are coupled with thermal subsidence inversion are
also present in the basin. On average, and throughout the study period, the nighttime UHI was more
homogeneous than the daytime one, and had a greater spatial extension due to the low wind speed at
night (Figures 4 and 5). Also, the thermal difference between urban and rural areas was very noticeable
since the city of Santiago has a highly urbanized landscape with few park areas when compared to
the preferably agricultural environment. This difference between the city and its surroundings has an
impact on the spatial variability of the UHI, which could affect AT estimates based on the linear model.
Considerable variations were not seen in the nighttime data (e.g., showing a cyclical condition or
a marked rising trend in the magnitude of the UHI). For the daytime data, results showed variations
in extensions as well as in magnitude: from December 2013 to the present, the heat island abruptly
increased its extension, occupying the whole urban area. In both the summers of 2015–2016 and
2016–2017, a marked increase in magnitude was produced that could possibly be attributed to the
large forest fires that covered the city with smoke for several days. These results agree with other
studies on UHIs that present an increase in the extent of the UHI in several cities of China [60] or in
the conterminous United States [61]. Although the changes in the extent of the UHI reported in this
study cannot be explained or be directly associated with climate change (due to the short study period
of 12 summer seasons), methodological development for later dates, as well as new satellite data,
will complement this analysis, as climate change is expected to change the behavior of the UHI [62].
The study of UHIs through satellite imagery can be used as decision-making tools for urban
planning and defining public policy. In this context, the presence of vegetative cover inside Santiago
is suggested as an important control measure for the heat island [42]. However, marked differences
in availability of funds mean that higher income sectors can invest more in private green areas.
Meanwhile, sectors with fewer resources cannot access this control measure, and are therefore more
directly affected by elevated urban temperatures [44].
High temperatures inside cities can negatively affect the economy. It is estimated that the total
costs of climate change, considering UHIs, could be more than 2.6 times more for cities than in the
previous century [63].
Finally, although the time period studied does not allow for conclusions about climatic variability,
the extension and magnitude of the heat island registered at night during the last several summers
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(up to 9 ◦C), demonstrates a direct impact on the whole urban Santiago area, as well as on its inhabitants.
This study improves the temporal resolution of previous studies in the study area [25] by being able to
characterize and reveal the spatio-temporal patterns of the UHI, differentiating day and night effects.
6. Conclusions
The characterization of the UHI in Santiago de Chile was possibly due to the availability of free
daily, medium resolution MODIS images (day and night), providing valuable information on trends
within the city and its surroundings. However, the spatial resolution of the images was not enough.
In this study, the existence of a linear relationship between the AT and the MODIS surface
temperature (LST) during the summer months was verified, observing a satisfactory agreement
regarding the intensity and evolution of the thermal field during the summer period when the effect of
UHI is strongest. Additionally, the verification of the altitude and NDVI variables adequately described
the spatial variability of the linear regression coefficients, thereby improving the regression model
results and achieving a spatially explicit orientation, which is expressed in satisfactory adjustments
and significance levels [64]. It is possible that the unexplained variation in the relationship between
LST and AT could be explained by the type of soil, its moisture content, and its use at a certain time.
However, further investigation would be necessary to confirm this.
The UHI phenomenon must be adequately considered by urban planners in such a way that they
can suggest mechanisms to municipalities for mitigating the effect of urban heat on populations. It is
necessary to have thermal maps that express the spatial variability of UHIs in detail in order to plan
the incorporation of new green areas in urban environments that might allow for better ventilation
inside of cities during the summer.
The data and analysis retrieved from this study can be used to focus on public policies that address
the UHI and the potential health issues it could cause in the population of the city of Santiago [31],
such as thermal stress and its associated diseases (considering how some people in at risk groups are
susceptible to the immediate heat effects, such as those people with advanced illness) [32].
Essentially, the results obtained show a possible urban planning application related to the
prediction of approximate urban climates in summer months, as well as the thermal stress that the
population may suffer within the city due to urban heat. This complementary information could be
used to generate some of the climate change adaptation strategies that the Chilean government intends
to put into practice in the next 50 years [65].
Future studies like this one, or with better spatial resolution data, will allow for a more adequate
way of dealing with urban challenges, with an emphasis on improving urban planning, to mitigate
surface temperature impact.
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